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This thesis mainly discusses the effects of health consciousness on consumer behavior in 
Japan. The first part of the thesis focused on the Japanese oil market. We then discuss the 
consumption of olive oil in Japan. 
Olive oil is mainly produced in the Mediterranean region. Spain, Italy, and Greece are the 
major producers followed by Tunisia, Morocco, and Turkey (according to FAOSTAT data). It is 
also in this region that olive oil is mainly consumed. Olive oil is considered a staple food in the 
Mediterranean diet, its health properties makes it a product with a promising future. 
The consumption of olive oil has increased in recent years, giving rise to new emergent 
markets such as the United States of America, Canada, Japan, Brazil, China, Australia, etc. 
(according to FAOSTAT data). However, each market has its own unique characteristics and 
consumer base. Numerous studies regarding olive oil have been conducted in these markets. 
 
Though the olive oil market in Japan has been growing at a phenomenal rate, not many 
studies have been conducted on olive oil consumption in Japan. Indeed, the few studies that 
were conducted focused on the price and country of origin of olive oil. Effects of health 
consciousness on olive oil consumption in Japan have never been studied.  
 
2. Japanese oil market 
 
Table 1-1 summarizes the recent situation of the Japanese oil market (from 2012 to 2016). 
In 2012, the market share of rapeseed oil was the highest followed by olive oil. However, by 
2016, olive oil’s market share jumped to the first place, surpassing rapeseed oil. This change 
was the result of sharp increase in olive oil’s sales and fall in the sales of rapeseed oil. The 
other vegetable oils listed in the table (corn oil, palm oil, soy oil, and sunflower oil) did not 
show any significant change during this period. The other edible oils category however saw a 
spectacular growth during this period with the sales almost doubling in 5 years.  
This change in market share amongst these vegetable oils is intriguing; ergo, we decided to 





















Categories 2012 2013 2014 2015 2016 
2012-2016 
(compound annual 
growth rate %) 
Edible oils 1,213.30 1,258.40 1,376.70 1,449.60 1,509.30 5.6 
Olive oil 264.3 301.1 328.1 351.5 373.2 9 
Corn oil 63.1 62.7 61.2 60.3 59.6 -1.4 
Palm oil 27.3 29.5 30.2 30.7 31.3 3.5 
Rapeseed oil 405.5 377.2 365.9 354.2 339.1 -4.4 
Soy oil 66.4 63 60.4 56.4 53.9 -5.1 
Sunflower oil 23.2 23.2 23.3 26.2 28.5 5.3 
Other edible 
oils 
363.6 401.7 507.6 570.2 623.7 14.4 
Source: Euromonitor (2007 cited in Alexander Perrault 2017, Vegetable Oil Product in Japan, 




3. Japanese olive oil market 
 
In the last two decades, consumption of olive oil in Japan has tremendously increased, 
showing an increasing interest of Japanese consumers in the Mediterranean diet. Olive oil 
market in Japan has been expanding due to dietary and health concerns.  
The Japanese olive oil imports have been increasing gradually since 1996 (annual imports 
never reached 10,000 tons before 1996). (Mtimet et al., 2011) 
 
3.1. Japanese olive oil imports 
Since Japan’s olive oil production is negligible as compared to its olive oil imports, we can 
say that the imported quantities represent the total olive oil consumption in Japan.  
Japan is considered as one of the major olive oil importers in the world. Japan’s olive oil 
imports exceeded 30 thousand tons per year and reached 46 thousand tons in 2012 (Figure 
1-1).  
The trend of olive oil imports has also changed during these years. In fact, in the 80s and 
90s, virgin olive oil imports were lower than non-virgin olive oil but since 2000 this situation 
has reversed. Virgin olive oil imports started increasing after 2000 and in 2012 the import 
quantity of virgin olive was twice that of non-virgin olive oil (Figure 1-1) which might imply 
that the Japanese consumer has become more aware of the quality of olive oil. According to 
Mtimet et al. (2008), the increase in consumption of olive oil in Japan is due to dietary and 
health concerns. 
So far, Italy and Spain have sort of monopolized the Japanese olive oil market (figure 1-2). In 
2012, the market share of Italy and Spain together was over 92%. Nevertheless, there are 
countries such as Turkey whose market share started increasing recently (figure 1-2). As for 








Source: own elaboration from Japan trade statistics data 
























































































































































Source: own elaboration from Japan trade statistics data  



















































































































































3.2. Japanese olive oil production 
Japan’s olive production is limited to the southern parts of the country where the climate is 
similar to that of the Mediterranean region.  
Compared to the 60s, the surface area dedicated to olive cultivation in Japan is quite smaller 
now. In fact, as we can see in figure 1-3, the surface area decreased from around 140 hectares 
to 60 hectares in 2004.  
The olive production in Japan is low compared to other countries. Olive production is also 
relatively new to Japan; in fact, Japan started planting olive trees in 1908. The production of 









Source: own elaboration from the Japanese ministry of agriculture’s data 
Note) Missing numbers from the data 























Source: own elaboration from the Japanese ministry of agriculture’s data  
Note) Missing numbers from the data 














4. Health Consciousness 
An increasing number of consumers now consider health issues to be one of the most 
important factors in their purchasing decisions. Manufacturers use labels to emphasize the 
health-related characteristics of their products in order to improve their sales (Nagata and 
Yamada, 2008). This has become a global trend. Indeed, in Northern Europe, consumers 
appear to follow a healthier dietary profile by increasing their consumption of fruits and 
vegetables, fish, and seafood, and reducing their fat intake (Kearney, 2010). Jussaume and 
Judson (1992) found that consumers in Kobe, Japan were significantly more concerned about 
food safety than residents of Seattle, USA. 
This trend of consuming healthier products is one of the reasons to conduct the research 
presented in this thesis. As shown in table 1-1, the market share of Canola oil (a.k.a. Rapeseed 
oil) decreased in the 5-year period (2012-2016) while that of olive oil, which is considered 
healthy, increased tremendously. 
5. Aim and structure of this thesis  
 
This thesis aims to: 
 Study the effects of health consciousness and other sociodemographic characteristics 
on oil purchase choice. 
 Study the olive oil consumption patterns in Japan. 
 Study the effects of health consciousness and other sociodemographic characteristics 
on the olive oil consumption. 
Accordingly, this thesis is composed of 4 main parts, as shown in figure 1-5. These are: 
literature review, effects of health consciousness on oil consumption, olive oil consumption 
patterns in Japan, and effects of health consciousness on olive oil consumption. 
 In the literature review chapter, we introduced papers that have either used the same 
models that we used in this thesis or studied olive oil consumption behavior. 
 The third chapter focuses on the effects of health consciousness on oil consumption 
in Japan. We used the Dirichlet model to analyze the oil purchase data in Japan. These 
data were combined with survey data on the health aspects of consumers (health 




 The fourth chapter explores the olive oil consumption patterns in Japan. In fact, before 
studying the effects of health consciousness on olive oil consumption, we decided to 
study the Japanese olive oil market as an introductory research. In this chapter, the 
multinomial logit model was used to analyze purchase history data of olive oil. 
 The fifth chapter introduces our research on the effects of health consciousness on 
olive oil consumption in Japan. To study this effect, we opted for the hierarchical 
Bayesian approach to analyze the scanner data and survey data, which are similar to 
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1. Olive Oil Consumption 
A study conducted by Yen and Chern (1992) found that unlike animal fat consumption, 
vegetable fat and oil consumption in the US has increased between 1950 and 1990. Japanese 
diet on the other hand, unlike the European and American diet, is mostly constituted of 
carbohydrates (rice). However, in the second half of the twentieth century, rice consumption 
per capita decreased with an increase in westernization of eating habits (Kim and Chern, 
1999). One of the most important changes in Japanese diet was the increase in daily fat intake 
from 21 g per capita in 1955 to 58 g in 1992 (Sugano, 1996).  
According to Delgado and Guinard (2010), the olive oil is an important component for most 
of the countries in the Mediterranean region (i.e., Spain, Italy, Greece, Tunisia, etc.), however, 
it is a relatively new product in areas outside of it. Inarehos-Garcia et al. (2010) has stated 
that “The fine flavor (aroma and taste) and color of virgin olive oil distinguish it from other 
edible vegetable oils, giving it a superior quality that is traditionally appreciated by consumers 
in Mediterranean countries and now all over the world.  
Depending on the country, the consumers’ perception of olive oil changes greatly. Santosa 
et al. (2010) found that in the USA, consumers were more knowledgeable about imported 
extra-virgin olive oil than the locally produced extra virgin olive oil with about two-thirds of 
them consuming the former. Caporal et al. (2006) have found that “in Italy, Information about 
origin affects the expectations with regards to specific sensory attributes in familiar 
consumers”. Vlontzos and Duquenne (2013), have stated that the olive oil has been an 
essential part of the Greek diet. It has strong and long-life relations with Greek consumers, as 
it has always been used not only to fulfill nutritional needs but also for cultural and religious 
purposes.  
In Japan, olive oil has now become common with imports increasing sharply since 1996. 
 
1.1. Country of origin and geographical indication effect on Olive oil 
Consumption 
Several papers have so far studied the impact of geographical origin on consumers’ 
preferences. In the Mediterranean countries, consumers are concerned about the region of 
origin of olive oil since most of these consumers buy olive oil produced in their own countries. 




attribute of the olive oil. Indeed, Dkhili et al. (2011) argued that in France, supermarkets carry 
olive oils from several countries; ergo, the French consumers place greater importance on the 
country of production than the region. Tunisians on the other hand place more importance 
on the region and olive variety since Tunisia does not import olive oil. Since they only consume 
Tunisian olive oils, Tunisians use these local differentiation criteria. 
According to a study conducted in Albania, a country that produces olive oil, the majority of 
the respondents preferred higher priced domestic olive oil, while a small percentage 
preferred imported olive oil (Chan-Halbrendt et al., 2010). Aprille et al. (2012) found that 
consumers in Italy are willing to pay the highest premium price for a product with a PDO 
(Product Designation of Origin) label, followed by a product with an OF (organic Farming) label, 
and a PGI (Protected Geographical Indication) label. Examples of both Albania and Italy show 
that consumers from olive oil producing countries tend to prefer local products (olive oil 
produced in their own country) and are thus more concerned by the region of production 
rather than the country. 
On the other hand, for consumers from countries outside the Mediterranean region where 
the olive oil market mainly depends on imports, the country of origin is one of the most 
important attributes. Mtimet et al. (2011) studied the effect of country of origin on Japanese 
consumers’ olive oil preferences and found out that the latter consider Italian olive oil the 
best when making purchasing decisions.  
Cavallo and Piqueras‐Fiszman (2017) studied the effect of olive oil attributes on the 
healthiness perception and found out that the most important element which influences the 
healthiness perception of extra virgin olive oil is its origin. 
1.2. Quality of Olive oil 
The perception of quality also seems to be different between producer countries 
(Mediterranean region) and countries that mainly import olive oil.  
Servili and Montedoro, (2002) stated that “the quality of virgin olive oil is mainly connected 
to several specific activities of the hydrophilic phenols including their antioxidant power and 
other properties that affect the health and sensory aspects of virgin olive oil”. Roselli et al. 
(2017) has argued that competition based on cost reduction strategies between producers 




olive oil is one of the reasons behind this. In their study, they established that health claims 
represent an unexploited tool that could be used to segment the olive oil trade. 
Krystallis and Ness (2005) have used a conjoint analysis to analyze consumer preferences 
for “quality” olive oil in Greece. Their findings show 6 clusters of consumers with one of them 
labeled “highly health and quality conscious.” This cluster showed very high awareness of 
quality schemes and attributed the highest importance to health information followed by ISO 
certification and an average importance to country of origin and HACCP (Hazard Analysis & 
Critical Control Point) certification. 
Santosa et al. (2013) has established that as long as consumers perceive the olive oil to be 
of good quality, they think that they are getting a good value for whatever price they paid. 
In Japan, we have found in a previous study that consumers rate olive oil quality based on 
country of origin, packaging, and taste. They have a high preference for Italian olive oil and 
fruity taste. Additionally, they prefer bottles with caps that prevent leakage. 
 
2. Health consciousness and consumption 
2.1. Health consciousness  
Health consciousness reflects consumers’ readiness to act to either improve their health or 
stay healthy. Health-conscious consumers are aware and concerned about their state of well-
being and strive to make it better and/or keep their health and quality of life, as well as 
prevent ill health by engaging in healthy behaviors such as having a healthy diet and being 
self-conscious regarding health (Kraft and Goodell, 1993; Newsom et al., 2005; Mai and 
Hoffmann, 2012).  
Chen (2009) has studied the effects of health consciousness on the consumption of organic 
products in Taiwan. The author used Likert scale questions to define health consciousness, 
healthy lifestyle, and environmental attitudes. The following questions were asked: 
 Health consciousness: I have the impression that I sacrifice a lot for my heath/ I think 




 Environmental attitudes: I prefer consuming recycled products/ I dispose of my 
garbage in different containers/ etc. 
 Healthy lifestyle: I follow a low-salt diet/ I am a vegetarian/ I do exercise regularly/ 
etc. 
Ellison et al. (2013) has studied among other things the effect of health consciousness on 
the caloric intake in restaurants. This study also employed 5-point Likert scale questions to 
assess the health consciousness of consumers. Questions on the following three topics were 
asked: 
 Daily caloric intake, Fat intake, and Use of nutrition labels. 
The authors then summed the answers to create a health consciousness variable with a 
value between 3 and 15. 
In all the above studies, researchers used consumers’ attitudes to reflect their health 
consciousness; however, other ways have also been employed to assess health consciousness. 
Mai and Hoffmann (2012) used Gould’s (1988) method to assess health consciousness by 
asking Likert scale questions about how aware consumers are about their health. Gould 
himself had derived the method from the paper of Fenigstein et al. (1975) on self-
consciousness.  
Hong (2009) compiled many of the health-consciousness scales created by previous 
researchers (Gould, 1988; Kraft and Goodell, 1993; Tai and Tam, 1997; Jayanti and Burns, 
1998; Michaelidou and Hassan, 2008; etc.) and combined them to re-conceptualize the health 
consciousness scale. Additionally, the author defined 5 dimensions of health consciousness: 
 Integration of health behaviors: This dimension focuses on the behavior and attitude 
of consumers towards improving their health such as physical activity or having a 
healthy diet. It is important to note that this dimension was the focus of the present 
thesis. 
 Psychological/ Inner state: This dimension posits that health consciousness is not 





 Health information seeking and usage: As the name suggests, this dimension refers 
to how knowledgeable consumers are about health information. Ergo, health 
consciousness would be proportional to their knowledge of health information. 
 Personal responsibility: This dimension posits that health consciousness reflects the 
responsibility towards oneself to manage personal health. 
 Health motivation: The fifth and last dimension reflects the motivation of consumers 
to engage in preventive health care activities. 
Hong (2009) concluded that health consciousness englobes 3 concepts: self-health 
awareness, personal responsibility, and health motivation. 
2.2. Olive oil and health 
Several papers have studied and reported the health benefits of extra virgin olive oil. It has 
been proven that some components of olive oil associated with these health effects are 
monounsaturated fatty acids (Martinez-Gonzales and Sanchez-Villegas, 2004; Tuck and 
Hayball, 2002; Covas et al., 2006) and polyphenols (Saija and Uccella, 2001; Gorzynik-Debicka 
et al., 2018). The olive oil also has the highest amount of squalene among vegetable oils 
(Owen et al., 2000). Covas et al. (2006) has established that olive oil-rich diets can be a useful 
tool against risk factors for cardiovascular disease. 
The olive oil components listed above are found only in extra virgin olive oil due to the 
extraction process involved in it.  
3. NBD-Dirichlet Model 
 
The NBD-Dirichlet model is a combination of 2 models, the NBD model (i.e., Negative 
Binomial Distribution) and Dirichlet model (Dirichlet Multinomial Distribution (DMD)). 
It was developed by Goodhardt, Ehrenberg, and Chatfield (Ehrenberg 1959; Goodhardt, 
Ehrenberg et al., 1984). This model is special, among other reasons, because of its predictive 
power which lies in the shape of the distributions. It has been mostly used to analyze brand 
loyalty among different products from the same category. The changes in brand market 
shares in a repertoire market are closely connected to some sort of repeat purchasing 
behavior. It is then safe to assume that this repeat purchase behavior is connected to certain 




Dirichlet Modeling allows us to generate estimates of the brand performance measures 
(BPMs) such as purchase rate, market share, penetration, purchase frequency, share of 
category requirements, and 100% loyal consumers (Rungie, 2003). Rungie et al. (2013) used 
this model to analyze the brand loyalty towards detergent in France while Bassi (2011) 
analyzed the brand loyalty towards beer in Italy.  
Though the NBD-Dirichlet model was mainly created to study brand loyalty, several studies 
have used this model for different purposes. Wrigley and Dunn, (1984a, 1984b, 1984c) found 
that “the NBD models may usefully and successfully be transferred from their original context 
of brand purchasing to the analysis of purchasing patterns at individual stores in a single city”. 
Lam and Mizerski (2009) have used the NBD-Dirichlet model to study gambling patterns in 
Australia. To do so, the researchers used aggregated data on annual game playing frequency. 
Casini et al. (2009) used this model to study Italian consumers’ loyalty towards wine attributes. 
 
4. Bayesian estimation 
 
Accoring to Gelman et al., (1996), iterative simulation methods have recently become 
popular tools in statistical analysis, especially in the calculation of posterior distributions 
arising in Bayesian inference. The Bayesian approach has been around for quite a long time. 
In fact, Maritz and Lwin (2018) trace the early examples of the use of Empirical Bayes data 
back to the 1940s. The Bayesian approach to modeling and data analysis is becoming 
increasingly popular as it is being seen as an effective and practical alternative to the 
frequentist approach. Indeed, due to advances in the computing field which enabled faster 
and better Bayesian designs and analyses, “the philosophical battles between frequentists 
and Bayesians that were once common at professional statistical meetings are being replaced 
by a single, more eclectic approach” (Carlin and Louis, 2010). Natarajan and Kass (2000) noted 
that the two-stage hierarchical models have made one of the major contributions to the 
Bayesian approach to data analysis. 
The process of Bayesian statistical analysis requires incorporation of prior belief 




solutions to several problems, such as how to analyze multiple exposures (Gelman et al., 
2013). In fact, specifying a prior distribution is of utmost importance in Bayesian analysis. 
Expressing prior belief in the form of a distribution is often difficult, especially in 
multiparameter models (Ibrahim and Laud, 1991). The type of priors used in Bayesian 
estimations have changed through time. Jeffreys (1946) has defined rules and conditions for 
priors which later came to be known as Jeffreys prior. This prior has been used in several 
studies (for instance: Ibrahim and Laud, 1991). Jefferys’ prior was also extensively discussed 
by Kass and Wasserman (1996a, 1996b), who have reviewed in detail the rules and process 
of selection of prior distributions. It was also discussed by Gelman (2006) in his paper on prior 
distributions for variance parameters in hierarchical models. 
Natarjan and Kass (2000) noted 2 types of prior, a prior analogous to the conventional l/σ 
prior in the one-sample normal (µ, σ2) and diffuse conjugate prior. Both these priors are 
however not perfect; indeed the first prior does not lead to a proper posterior (i.e., does not 
integrate to a finite number; an unnormalized density f(θ) is proper if ∫f(θ)dθ=n, with n being 
a finite number). On the other hand, the diffuse conjugate priors (Natarajan and McCulloch, 
1998), which are priors having the same probability distribution as the posterior distribution, 
may lead to inaccurate posterior estimates. The benefit of using a conjugate prior is the ease 
of calculation; however, with the advancements in computation techniques such as MCMC, 
that benefit has been rendered moot. 
In their book on Bayesian data analysis, Gelman et al. (2013) have used several distributions 
(Normal, inverse-χ2, Student’s t-distribution, etc.) for the priors in the illustrated examples. 
Additionally, Young and Berger (1996) have made a catalog of noninformative priors. 
The Bayesian approach has been widely used not only in analyzing consumption behavior 
but also in other fields such as medicine. Other instances are as follows:  
 Allenby et al. (1998) has used the Bayesian approach to study the demand 
heterogeneity. The authors used 3 different data sets; the first from a conjoint study 
of consumer preferences for marine engines and the second and third datasets are 
scanner data of food products. 
 Yang et al. (2003) has used the Bayesian approach to estimate a heterogeneous 




 Using the Monte Carlo Makrov Chain (MCMC) technique within the Bayesian 
framework, Wang et al. (2007) have estimated a multivariate Poisson regression 
model to predict the pattern of cross-category store brand purchasing behavior. 
 Chandukala et al. (2011) has used the Bayesian estimation approach to investigate 
the purchasing behavior towards luxury cars.  
 Byun (2017) has applied a discrete choice experiment and then used a hierarchical 
Bayesian logit model to analyze consumers’ preferences for electricity generation 
source. 
 Volinski et al. (2009) has applied a choice experiment and then used a hierarchical 
Bayesian approach to study the behavior of Canadian consumers towards GM 
(genetically modified) labels on Canola oil. 
 Kim and Sugai (2008) have also used a hierarchical Bayesian approach to analyze 
data gathered from a survey on internet-based services in Japan. The objective of 
this study was to determine the willingness of consumers to pay for those services.  
 Kasteridis and Yen (2012) have used a Bayesian approach with a Tobit base to study 
the demand for organic vegetables in the USA. The data used in this paper were the 
Nielson homescan panel data.  
5. Thesis originality  
 
The methodological originality of this thesis mainly centers around the data and the way 
the models were used. First, the data used in this thesis were scanner data which up to now 
haven’t been used in Japan to analyze consumer behavior related to olive oil. Moreover, the 
scanner data were combined with attitudinal data on the health aspects of consumers. The 
use of two types of data, scanner data and survey data, constitutes one of the main 
originalities of this thesis. Second, the Dirichlet model was used in a new way in this thesis to 
analyze consumer purchase choice. So far, this model was mainly used to analyze brand 
loyalty, and, in a few instances, store loyalty. Using it this way, to our knowledge, was a first.  
From an empirical viewpoint, effect of health consciousness on olive oil consumption in 
Japan hasn’t been studied before. Even though olive oil has one of the largest market shares 




Although, there are studies on the effect of health consciousness on oil consumption in 












Chapter 3 : Effect of Health Consciousness on Oil 






A recent report on vegetable oil products in Japan (Perrault, 2017), which analyzed a four-
year period (2012–2016), stated that the edible oil market has grown by 5.6%. Accordingly, 
its retail value grew from US$1,213.3 million to US$1,509.3 million. In 2016, olive oil jumped 
to first place in terms of retail sales in Japan, with a value of US$373.2 million in 2016, putting 
rapeseed oil (also known as canola oil) in second place in Japan, with a retail value of US$339.1 
million. In fact, sales of rapeseed oil and soy oil have decreased in these four years by 4.4% 
and 5.1%, respectively. The sharp growth in demand of “other edible oils” in Japan suggests 
that Japanese consumers are seeking new type of oils. Hence, this study aimed to investigate 
such oils’ demand and to understand how health consciousness affects the demand for each 
type of oil in the Japanese market. 
The Japanese consumer is probably becoming more health-conscious and thus seeking 
healthier alternatives such as perilla, linseed, or olive oil, the last of which is one of the most 
consumed vegetable oils in Japan (Ben Taieb and Ujiie, 2018). Kraft and Goodell (1993) have 
noted that individuals who have a healthy lifestyle are concerned with their diet, physical 
health, stress, and the environment. In Japan, Takeshita (1999) analyzed newspaper articles 
and found that the increase in demand of premium oil was due to increased interest in 
learning about health risks. Because different fats and oils have different saturated fat 
contents, each may be affected differently by health risk information (Chern et al., 1995), and 
based on that information, consumers might assign products to different levels of healthiness. 
For instance, among seed oils, flaxseed oil had the highest percentage (57%) of omega-3 fatty 
acid, a-linolenic acid (Hasler, 1998; Gebauer et al. 2006; Tonon et al. 2011).The olive oil on 
the other hand contains a considerable amount of Squalene (a highly unsaturated aliphatic 
hydrocarbon with important biological properties) which significantly contributes to its health 
claims (Gunstone, 2002). 
This chapter shows how health consciousness affects oil consumption. In other words, the 






2.1. Scanner panel data 
Consumer behavior was analyzed using this data. Scanner data are a collection of the 
purchase history of certain products. For this study, the data were provided by a Japanese 
marketing company, which recruited consumers (referred to as monitors) and gave each of 
them a scanner. Whenever monitors purchase a product, they would scan its bar code, and 
all information about that product, including date and time, would be automatically added to 
the database. The scanner panel data were obtained from Macromille Inc., a Japanese 
marketing company. These data cover purchase history of oil for 13,262 households in Japan 
for a 2-year period (2015–2016). After data cleaning, only those consumers were retained 
who were part of the monitoring process for the entire 2 years, who purchased an oil product 
at least once during these 2 years, and who answered the questionnaire. 
 
Scanner data constitute a source of product-specific information (Nayga and Oral, 1994). In 
fact, they show revealed preferences of consumers—the actual choices of consumers (Casini 
et al., 2009). 
Using the scanner data, the market share of each type of oil was calculated based on the 
number of items bought for each type. According to these data, canola oil has the highest 
market share followed by sesame and olive oil1 (Figure 3-1). 
2.2. Survey attitudinal data 
From the survey data, we selected a few attitudinal data to be used as variables in the model. 
These attitudinal data represent different types of health consciousness among consumers. 
Moreover, we selected a few health problems that might be affected by oil consumption, 
such as blood pressure and cholesterol. Alonso and Martínez‐González (2004) noted that in 
some small studies and clinical trials, olive oil has been shown to lower blood pressure. Table 
3-2 lists the variable used in the model as well as their descriptive statistics. In this study, we 
divide health consciousness into three categories by calculating the mean of many variables 
obtained through Yes (1) / No (0) questions (Table 3-1): sports activities, healthy lifestyle, and 
                                                          
1 The olive oil is a very differentiated product, its price and quality vary a lot. However, in this chapter we 




healthy diet. We used these attitudinal and behavioral variables as proxy variables that 
capture the health-conscious mindset of consumers. Since the food variable shows a general 
inclination toward a healthy diet and is not specific to oil consumption, it was assumed that 
it is independent of the oil consumption error. 
Finally, the health problems category depicts illnesses that are related to fat consumption. 
Though certain health conditions can motivate consumers to be more health-conscious, it is 
not a definite equivalency, and thus, it is assumed that having health problems does not 
























Table 3-1: Questions used to reflect health consciousness of consumers 
Please select what you do for your health 
Walking   
Jogging    
Gymnastics / stretching    
Muscle training   
Other sports    
Keep track of bodyweight and body fat   
Keep track of blood pressure   
Maintain a regular schedule   
Have enough sleep   
Regularly gargle and wash hands   
Relieve stress   
Have massages   
Have a balanced diet   
Reduce intake of salt   
Reduce intake of sugar   
Reduce intake of fat   
Keep track of calorie intake   
Make food at home instead of eating out   
Eat a lot of vegetables   
Eat meat and fish   
Other   










Table 3-2: Explanatory Variables 
  
Category Variable Interval Mean Variance 
Demographic Variables 
Age 16 ~ 76 49.9 180.05 
Household income 
(1) 
1 ~ 14 5.83 14.96 
Household size 1 ~ 10 2.67 1.55 
Health consciousness 
variables 
Sports 0 ~ 1 0.14 0.03 
Lifestyle 0 ~ 1 0.25 0.05 
Food 0 ~ 1 0.26 0.27 
Health problems 
Diabetes 0 or 1 0.12 0.11 
Blood pressure 0 or 1 0.15 0.13 
Cholesterol 0 or 1 0.13 0.12 
Note (1): Household income: Minimum: 1 (2 million yen)/ Maximum: 14 (over 20 million yen)  




3. NBD-Dirichlet model 
The NBD-Dirichlet model describes how frequently bought branded consumer products, 
such as instant coffee or toothpaste, are purchased when the market is stationary and 
unsegmented. It was developed by Goodhardt, Ehrenberg and Chatfield (Ehrenberg 1959; 
Goodhardt, Ehrenberg et al. 1984). This model has been widely used to analyze brand loyalty 
among different products from the same category, for instance, the beer market in Italy (Bassi, 
2011) and laundry detergents in France (Rungie et al., 2013). 
Other studies have used the NBD-Dirichlet model to analyze the store choice, and not the 
brand choice. Indeed, Wrigley and Dunn (1984a; 1984b; 1984c), have used the NBD-Dirichlet 
model to analyze purchasing patterns at individual stores in a single city.  
In our study, however, the Dirichlet model was used not to assess brand choice or store 
choice but to assess the choice of oil (canola, olive, linseed, etc.) in the Japanese edible oil 
market. 
Oil consumption has an NBD, while the choice of “type of oil” has a DMD. Both NBD and 
DMD are used to count data as dependent variable, which in our case is the number of items 
bought. 
Equation (1) is the NBD with two parameters, which are both positive: the shape parameter 






  (1) 
where k is the number of items purchased and Γ(⋅) is gamma function. 
The purpose of using the NBD is to calculate the expectation as in equation (2), of the 
number of items purchased, k, bought. 
𝐸(𝑘) =  𝛽𝛾   (2) 
The DMD model assumes that the purchases of each type are conditional on the category 
purchase rate. The Dirichlet multinomial distribution has h parameters, as seen in equation 















𝑗=1   (3) 
Where rj is the number of items bought for oil type j. 
In this study, we are interested in the effect of consumers’ characteristics (age, household 
size, etc.) as well as health consciousness on the choice of oil. Consumers’ characteristics are 
introduced in the Dirichlet model as covariates. The parameters of the Dirichlet model 
become functions of the covariates. The introduction of consumer characteristics in the 
Dirichlet model as covariates has been discussed at length by Wrigley and Dunn (1985) and 
Rungie et al (2013). 
To introduce consumer characteristics, the parameters of the two models, NBD and DMD, 
are transformed as follows: 
𝐸(𝑘𝑖|𝑥𝑖) = 𝛾𝛽 = 𝑒
𝛿′𝑥𝑖   (4) 
𝛼𝑗(𝑥𝑖) = 𝑒
𝜃𝑗
′𝑥𝑖   (5) 
The coefficients of the resulting DMD model affect the probability of purchase (Pij) for each 
type “j” of oil by individual “i” as follows (Goodhardt et al., 1984): 











   (6) 
where 𝑥𝑖 is a vector of consumer 𝑖’s characteristics, 𝛿 is a vector of the model’s parameter 
for the category (total edible oils) and 𝜃𝑗, for 𝑗= 1…ℎ, the vectors of the model’s parameters 
for type 𝑗. The 𝛿 and are 𝜃s𝑗 estimated using the maximum likelihood estimation method. 
 In the NBD model, the dependent variable K denotes the total number of items of 
oil bought by the monitors. 
 In the case of the DMD, the dependent variable kj was calculated by summing the 
number of items bought by monitors. For each consumer i we had h K, (h being the 




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 3-5: Results of the Dirichlet model with two types of oil 
  Dirichlet Multinomial Model (DMD) (θs) 
  Olive oil canola others  
(Intercept) 0.0817 0.3462** 0.8003*** 
age -0.0086*** -0.0101*** -0.0140*** 
hhinc 0.0068 -0.0158** 0.0052 
hh_size -0.0811*** 0.2667*** 0.0337* 
sports 0.2587* -0.3149** 0.1750# 
lifestyle 0.1635# 0.0564 0.1088 
food 0.1671* -0.4597*** 0.0327 
diabetes -0.1009# 0.0844# -0.0714 
blood_pressure 0.0798# 0.0146 0.0874# 
cholesterol 0.0734 -0.0669 0.0361 





The estimation results in Table 3-3 show negative binomial model results (first column) as 
well as Dirichlet multinomial results. The independent variables were in three groups: 
demographic characteristics (age, household income, household size), psychographic 
variables pertaining to health consciousness (sport, lifestyle, food), and chronic diseases 
(diabetes, blood pressure, cholesterol). 
Table 3-4 and 3-5 represent alternative models to gauge the robustness of the original 
model. In Table 3-4, even after omitting the “food” variable, the results for the remaining 
independent variables do not change. The same could be said for Table 3-5. In this model, 
only two types of oils were used, “olive oil” and “Canola oil,” and the rest were aggregated 
under “other oils.” The results of this estimation show no significant difference between this 
model and the original one (Table 3-3). Hence, the original estimation result was adopted. 
Edible oil consumption in Japan is positively affected by age and household size. The health 
consciousness psychographic variables, however, affect oil consumption differently. While 
consumers who practice sports buy less oil, those who lead a healthy lifestyle and those who 
have a healthy diet buy more oil. This could mean that those who practice sports would 
reduce their oil intake while others would probably consume more healthy oils, resulting in 
an increase in the total consumption of oil. 
Finally, oil consumption seems to be only affected by cholesterol in the health status section. 
In fact, consumers with cholesterol-related health issues buy less oil products than those 
without. 
The results of the Dirichlet Multinomial model are documented from the third column 
onward in Table 3-3. 
Unlike in the total oil consumption results (NBD model) in the DMD model, age and 
household size seem to have an opposite effect. In fact, whenever the age coefficient is 
positive, the household coefficient is negative and vice-versa. Household income has 
negatively affected the purchase of canola oil while positively affecting coconuts, linseed, and 




high income would reduce their consumption of canola oil and increase their consumption of 
healthy oils such as linseed (flaxseed) or perilla. 
The psychographic variables corroborate findings of previous research on the benefits of 
coconut oil (Pehowich et al., 2000; Carandang, 2008; DebMandal and Shyamapada, 2011), 
linseed oil (Popa et al., 2012; Tripathi et al., 2013), perilla seed oil (Kurowska et al., 2003; 
Adhikari et al., 2006), and rice bran oil (Nagendra Prasad et al., 2011). Indeed, health-
conscious consumers have a higher purchase rate of coconut, linseed, perilla, and rice bran 
oil than that of canola or sesame oil. The psychographic variables pertaining to health 
consciousness confirm that consumers who wish to maintain good health consume more 
healthy oils. All three types of consumers—those who practice sports, those who lead a 
healthy lifestyle, and those who follow a healthy diet—have a high purchase rate of olive oil. 
On the other hand, the purchase rate of canola oil is lower for the first (sports) and third 
(healthy diet; “food”) categories of consumers. Similar results can be seen for coconut, 
linseed, and perilla oils, where at least one category of health-conscious consumers have a 
high purchase rate of these oils. The difference in coefficients between the types of oil may 
reflect different uses of these oils. For instance, coconut oil has the highest coefficient among 
all types of oil for the “sports” variable, meaning that consumers who practice sports have 
the highest purchase rate of coconut oil, while having the lowest consumption of rice bran oil. 
On the other hand, the second category of consumers (lifestyle) have the highest purchase 
rate of grape seed oil. The third category of consumers (food) have the highest consumption 
of rice bran oil. 
Finally, the last section of Table 3-3 illustrates how health problems affect the choice of oil. 
While consumers who suffer from diabetes have predominantly a smaller consumption of all 
types of oil—even the ones viewed as healthy—there is still a difference among the 
coefficients. Indeed, sesame oil, followed by olive oil, has a higher purchase rate among such 
consumers. Those with high blood pressure and cholesterol have a high purchase rate of the 
healthy oils. Consumers with hypertension have the highest purchase rate of perilla seed oil, 





In this study, our objective was to investigate the effects of health consciousness on the 
choice of oil among Japanese consumers. 
Though oil consumption has increased in Japan, every type of oil has not seen a growth in 
consumption. In fact, canola oil consumption has decreased during the last 2 years, while 
consumption of healthy oils, such as olive oil, has increased. 
The estimation results show that health-conscious consumers generally buy healthy oils (i.e., 
olive, linseed, etc.). However, not all categories of health-conscious consumers choose the 
same oil. Depending on how they are classified as health-conscious (practicing sports, leading 
a healthy lifestyle, or following a healthy diet), their top choice of oil was different. 
The effect of health status on consumption was also different depending on the chronic 
disease. Indeed, while diabetic consumers have a smaller purchase rate in all the oil types, 
consumers with cholesterol and hypertension have a higher consumption of healthy oils than 
those without. Another interesting result was that consumers with high levels of cholesterol 
have the highest consumption of coconut oil. Though coconut oil was proven to be healthier 
than other oils, it could contribute to higher levels of cholesterol. This result indicates that 
consumers are not very knowledgeable about specific health effects of oils but only have a 
general idea about the health benefits of each oil. 
This study analyzed 2 years of scanner data. Future research should analyze a bigger 
database (spanning more than 2 years), which would shed more light into this subject. 
Moreover, as only an empirical analysis was conducted in this study, a theoretical model to 
describe the relationship between health consciousness and oil consumption in Japan should 
be developed. Additionally, although we assumed that the oil consumption error is 
independent from the health consciousness variables, the endogeneity problem must not be 
ignored and remains a task for future studies. Finally, since count data were used instead of 
quantity, a price variable could not be included in the model. This model describes the effects 
of health consciousness on the purchase frequency of oils and not on the actual quantity of 











Chapter 4 : Analysis of Olive Oil Consumers in 
Japan Using Scanner Data 







Menapace et al., (2011) has stated that the olive oil has historically been significant in the 
Mediterranean countries. However, as this diet gained popularity worldwide, olive oil 
consumption grew considerably in many countries, including Australia, Brazil, Canada, Japan, 
and the United States”. In fact, the Japanese olive oil market is one of the largest markets in 
the world today. Indeed, in 2016, olive oil imports reached nearly 60,000 tons (Figure 1-1, 
Chapter 1). Prior to 2000, olive oil imports mostly included non-virgin olive oil; however, after 
2000, this trend reversed. In fact, virgin olive oil imports have surpassed non-virgin oil imports. 
In 2016, retail sales of olive oil (at US$373.2 million) surpassed that of all edible oils in Japan, 
followed by sales of rapeseed oil (US$339 million). This value is expected to grow at a rate of 
5.8% through 2021 (Euromonitor International, 2017). Olive oil is already one of the most 
widely used vegetable oils by Japanese consumers. Even though the product has occupied an 
important place within the Japanese market, we still do not have a good understanding of 
olive oil consumers. All we know so far is that the Japanese consumer prefers Italian olive oil 
and that they prefer the fruity taste (Mtimet et al., 2011). 
In this study, scanner data were used to analyze consumer behavior related to olive oil. “In 
the 1980s, the emergence of scanner panel data constituted a major milestone for consumer-
packaged goods manufacturers, retailers, and marketing scholars because the data provide 
deep insights into longitudinal consumer behavior” (Swait and Rick, 2003). To date, scanner 
data have not been used to analyze olive oil consumer behavior in Japan, although this 
approach has been used in other countries such as Spain, Italy, and the US. 
In Spain, scanner data (obtained from a retail store) were used to study brand choice and 
investigate how a brand can gain popularity among consumers (Juan and Manuel, 2009). 
In the US, a study using the Almost Ideal Demand System (AIDS) model was used to 
understand the difference in consumption behavior between consumers belonging to two 




In Italy, the AIDS model was also used to analyze scanner data. This study aimed to examine 
the relationships among the extra-virgin olive oil demand in the retailing sector, price vectors, 
and total purchases (Marchini et al., 2010). 
So far, studies on consumer behavior have primarily used traditional models based on 
economic theories, such as the AIDS model and discrete choice models. However, with the 
advancement of models and emergence of new techniques such as data mining, consumer 
behavior research has experienced an expansion in methodologies. For example, Adriana 
(2013) has used the decision tree model, which is a data mining technique, to analyze the 
effect of knowledge and health consciousness on the consumption behavior of olive oil in 
Uruguay. The random forest model has been used by Plonsky (2017) to analyze human 
behavior. Plonsky et al., (2017), found that given any possible set of goods, the random forest 
model outperforms all other models. They argued that it was probably due to the fact that 
the stochastic and dichotomous nature of random decision trees align well with basic aspects 
of human decision making.  
This brings us to one of the objectives of this study—to compare the traditional models with 
those from the data mining field. 
The other objective of this study is purely empirical. Today, the olive oil market in Japan is 
heavily differentiated. There are various products of different quality and, hence, different 
prices, because of which consumers are now able to choose a price that reflects quality. 
Consumers may exhibit their purchase behavior not only in quantity but also quality. We 
aimed to analyze consumers’ quantity choice and quality choice. 
To this end, we aggregated the data into four groups by using two variables: the median of 
the price and the median of the purchase volume. By categorizing the consumers into four 
groups using these variables, we have four types of consumers that are different from the 
viewpoint of preferred olive oil quality, which is shown by the price they paid for it and the 
volume they consumed. 
The data were analyzed using two types of models, logistic regression and classification 
models. Regarding the logistic model, the multinomial logit model was chosen. As for the 
classification models, the decision tree and random forest models were chosen. The purpose 




predictive structure of the problem (Breiman et al., 1984). Our aim is the latter. By using the 





Scanner data constitute a source of product-specific information (Nayga and Oral, 1994). 
The data we use for this study represent the purchase history of olive oil from 5,197 
consumers in Japan. These data were provided by Intage Inc., a Japanese marketing company. 
The data cover all of Japan through a period of two years (from August 2010 to July 2012). 
The data were divided into four groups of consumers, by using the medians of the average 
purchase price and average volume of olive oil,2 as shown in Table 4-1. 
Each of these groups represents one type of consumer. The four types are a combination of 
the following: LV (consumed volume lower than the median), LP (price lower than the median), 
HP (price higher than the median), HV (consumed volume higher than the median). As such 
the four groups are: LVLP, HVLP, LVHP and HVHP. 
  
                                                          





Table 4-1: Grouping method for consumption types 
Source: Compiled by the author 










average volume (ml) < 400 < 400 > 400 > 400 
average price (yen/100ml) < 101.08 > 101.08 < 101.08 > 101.08 
rate of consumers 16.89% 34.62% 33.12% 15.37% 
median consumption (ml) 
in group 
227.5 135 928 717 
median price / 100ml in 
group 





Table 4-2: Descriptive statistics of the independent variables 
Variable name Interval Mean Variance 
Age (1) 1 ~ 10 7.102 4.77 
Household income (2) 1 ~ 5 2.776 2.2 
Household size 1 ~ 6 2.881 1.585 
Children 0 or 1 0.402 0.424 
Job 1: executive 0 or 1 0.014 0.0144 
Job 2: regular employee 0 or 1 0.061 0.058 
Job 3: part-time employee 0 or 1 0.03 0.03 
Job 4: unemployed 0 or 1 0.17 0.141 
North 0 or 1 0.05 0.048 
East 0 or 1 0.064 0.0604 
West 0 or 1 0.3552 0.229 
South 0 or 1 0.165 0.138 
Married men 0 or 1 0.175 0.144 
Single men 0 or 1 0.072 0.066 
Married women 0 or 1 0.69 0.214 
Single women 0 or 1 0.064 0.06 
(1) Age variable increases by increments of 5 years. 1: under 19, 2: 20–24, …, 10: over 60 
years old 
(2) Household income: 1: under 3.99 million yen, 2: 4–5.49 million yen, …, 5: over 9 million 
yen 





We adopted three analytical models to understand olive oil consumption type and identify 
consumers’ characteristics affecting olive oil consumption: multinomial logit, decision tree, 
and random forest. These models were applied to a multitude of subsamples for comparing 
the average error rate of the models. 
 
3.1. Multinomial logit model 
According to Train (2003), the easiest and most used discrete choice model is the 
multinomial logit model (MNL). This may be due to the fact that the “formula for choice 
probabilities takes a closed form and is readily interpretable” (Train, 2003). This model is used 
to explain discrete choices and is based on McFadden’s random utility theory (RUT). The RUT 
states that the “utility can be expressed as the sum of a systematic (deterministic) component 
Vij, which is expressed as a function of the attributes presented (consumers’ demographic 
characteristics in our case), and a random (stochastic) component εij”. McFadden, (1973) has 
stated that “a study of choice behavior is described by the following three factors: (1) the 
objects of choice and sets of alternatives available to decision-makers, (2) the observed 
attributes of decision-makers, and (3) a model of individual choice and behavior and 
distribution of behavior patterns in the population”. However, for this model, the choices (the 
dependent variable) are the types of consumers, that is, the category to which consumer i 
belongs. As explained above, the groups were created based on the volume consumed and 
the price of olive oil. The demographic characteristics are used as independent variables. 
𝑈(𝐿𝑉𝐿𝑃) = 𝛼1 + 𝛽1𝑥𝑖𝑗 + 1     (1) 
𝑈(𝐿𝑉𝐻𝑃) = 𝛼2 + 𝛽2𝑥𝑖𝑗 + 2    (2) 
𝑈(𝐻𝑉𝐿𝑃) = 𝛼3 + 𝛽3𝑥𝑖𝑗 + 3    (3) 
𝑈(𝐻𝑉𝐻𝑃) = 0                              (4) 
(1), (2), (3), and (4) represent the model used in the analysis. Each of the equations in the 
above model represents a group. α represents the intercept, β1 represents the coefficients of 
group 1 (LV/LP) consumers and 𝑥𝑖𝑗 represent the characteristics j of consumer i. As such, we 























= 𝑃𝑖𝑛(𝛽𝑥𝑛 − 𝑃𝑖𝑛𝛽𝑥𝑛) − 𝑃𝑖𝑛𝑃𝑖𝑐𝛽𝑥𝑐 − 𝑃𝑖𝑛𝑃𝑖𝑘𝛽𝑥𝑘 − 𝑃𝑖𝑛𝑃𝑖𝑙𝛽𝑥𝑙 
Where 





3.2. Decision tree model 
Du and Zhijun, (2002) explained that “most decision tree classifiers (e.g., CART and C4.5) 
perform classification in two phases: tree building and tree pruning. In the former, the 
decision tree model is built by repeatedly splitting the data set based on an optimal criterion 
until all or most of the records belonging to each of the partitions bear the same class label. 
To improve generalization of a decision tree, the latter is used to prune the leaves and 
branches responsible for classification of a single or very few data vectors “. Decision trees 
have certain advantages in that they are extremely easy to visualize and interpret as well as 
particularly fast in classifying data. The decision tree allows us to model the explanatory 
variable Y in function of the observed values of descriptive variables (X) within a data set D = 
(X, Y), where x = (x1, …, xj) is a set of j descriptive variables (for instance, sociodemographic 
characteristics) associated with the individual (Adriana et al., 2013). In our case, the Y value 
is the group number (from group1 to group4) the consumer i belongs to and the xij value 
represents the socio-demographic characteristics j of the consumers (age, gender, region, 
etc.). 
The decision tree model uses the Gini impurity measure (Gini index) to construct the trees. 
The Gini index shows the importance of the variables used to create the tree model. Du and 
Zhijun (2002) have defined the formula to calculate the Gini index for a data set S as follows: 








Where Pj is the relative frequency of group h in S. Based on the Gini index of S, we can 
calculate the information gain for each attribute. For instance, we will partition the data by 
using an attribute x; then, the gain would be calculated as follows: 






Where v represents any possible values of attribute xj; Sv is the subset of S for which 
attribute xj has value v; | Sv | is the number of elements in Sv; | S | is the number of elements 
in S. 
 
3.3. Random forest model 
Random forest is an ensemble learning method for classification and regression. While in 
the previous model, only one tree is created, random forest algorithms create an ensemble 
of decision trees using randomization. The random forest uses the same technique in creating 
each of those trees, that is, the Gini index. Each individual tree in the random forest gives a 
class prediction, and the class with the most votes becomes the model’s prediction. 
 Decision trees will often overfit the data, unless some regularization methods, such as 
pruning or imposing a minimum number of training samples per leaf, are used (Vieira, 2016). 
The random forest technique avoids the overfitting problem when using the decision tree 
model. Even if the trees in the forest are grown without pruning, the fact that the classifiers’ 
output depends on the entire set of trees and not on a single tree, the risk of overfitting is 
considerably reduced (Vieira, 2016). 
Liaw and Wiener, (2002) have defined the algorithm of the random forest as follow: 
i. “Draw ntree bootstrap samples from the original data. ntree represents the number of 
subsamples that the random forest creates and ultimately the number of trees. 
ii. For each of the samples, the model grows an unpruned classification or a regression 
tree, with the following modification: at each node, rather than choosing the best 
split among all predictors, it randomly samples mtry of the predictors (variables that 




variables. (Bagging can be thought of as the special case of random forests obtained 
when mtry = p, the number of predictors.) 
iii. Predict new data by aggregating the predictions of the ntree trees (i.e., majority votes 
for classification, average for regression). 
An estimate of the error rate can be obtained, based on the training data, as follows: 
i. At each bootstrap iteration, predict the data not in the bootstrap sample (“out-of-
bag” or OOB data) using the tree grown with the bootstrap sample. 
ii. Aggregate the OOB predictions. (On the average, each data point would be out-of-
bag around 36% of the time, so aggregate these predictions.) Calculate the error 
rate and call it the OOB estimate of error rate.” 
3.4. Sampling method to compare performances of the three models 
We used the sampling procedure implemented by Jin (20019). Figure 4-1 explains this 
procedure to evaluate prediction performances in the three models. The testing set (20%) 
was chosen from the original sample randomly. The remainder of the sample was considered 
as the training set. The model parameters were estimated with the training set. Thereafter, 
the prediction for testing data was made with the estimated model. 
The prediction of group for individuals was conducted as follows: 
i. Using the results of the estimation and a function in R called “prediction,” we predict 
the group number consumer i belongs to. 
ii. We compare the results of this prediction with the actual group number of 
consumer i in the testing data. 
iii. Finally, we calculate the percentage of correct predictions to determine the accuracy 
of each model. 
An error rate was calculated by deducting the prediction accuracy, which was obtained by 
comparing the predicted value with the actual value, from one. This procedure was replicated 




4. Results and discussion 
4.1. Empirical results 
The aim of this research is twofold: first, to estimate individual characteristics to understand 
how they affect the consumption types of consumers, and second, to compare the efficiency 
of three models (multinomial logit, decision tree, and random forest). Table 4-3 summarizes 
the results of the first part of our study. The values in the logit model’s column represent the 
socio-demographic variables’ coefficient. However, the values in the decision tree and 
random forest model columns represent the importance of these variables in the 
classification procedure. 
According to the random forest model, age, household income, and family size are the 
variables that mostly affected the classification. 
Unlike the random forest (RF) model, in the decision tree (DT) model, family size was the 
most important, followed by household income and age. 
The results of the logit model are slightly different from those of the other two models. 
Indeed, the results of the logit model help us to understand how each of the socio-
demographic characteristics affects olive oil consumption. 
The age variable affects all types of consumers. In fact, according to the results of the logit 
model, LVLP and LVHP consumers tend to be young, while HVLP and HVHP categories are 
primarily older consumers. This result matches our hypothesis of how age affects the volume 
consumed and price of olive oil. 
Table 4-4 lists the marginal effects of the independent variables on the grouping. Only 
“Region west” and “Region south” have affected the probability of group 1 (LVLP). Both these 
variables had a positive effect. LVHP was affected by many variables. While family size and 
job (regular) increased the probability of a consumer belonging to this group, south, and the 
“Marriage X Gender” variables all have a negative effect on that probability. Regarding HVLP, 
both age and south variables have a positive effect on its probability. Finally, HVHP’s 








Figure 4-1: Sampling simulation procedure 










Table 4-3: Estimation results 
Source: Compiled by the author   
LVLP LVHP HVLP
-0.06* -0.09*** 0.01 78.04 217.5
0.21* 0.06 0.09 40.7 68.71
0.11 # 0.09# 0.08# 130.8 156.22
-0.031 -0.036 -0.015 89 179.57
job1 (Executive) 0.16 0.11 0.23
Job 2 (regular) 0.16 0.42** 0.16
Job 3(part time) 0.033 0.134 0.032
region N 0.16 0.023 0.12
region W 0.73*** 0.26* 0.24*
region S 0.64*** 0.055 0.5**
Married man 0.092 -0.46* 0.16
Single man 0.04 -0.12 0.28
Married woman -0.28 -0.7** 0.11
118.7
32.55 68.9
Note 2) The values in the logit model column are coefficient; the others are the mean decrease in gini
Note1) ***, **, *, #: significance at 0.001, 0.01, 0.05 and 0.1 respectively



















Table 4-4 : Results of the Multinomial Logit Model regression (Marginal effects and their 
conf. int.) 
Source: Compiled by the author   
LVLP LVHP HVLP HVHP
0.0098 -0.073 0.094 0.2365 0.1705 0.3074 -0.162 -0.297 -0.033 -0.085 -0.234 0.0723
-0.005 -0.012 0.002 -0.015 -0.021 -0.008 0.016 0.0061 0.0264 0.0037 -0.009 0.0162
0.0281 -0.002 0.054 -0.011 -0.037 0.012 -2E-04 -0.042 0.0415 -0.016 -0.066 0.0359
0.0075 -0.008 0.025 0.0201 0.0061 0.0333 0.0082 -0.017 0.034 -0.035 -0.067 -0.005
-0.007 -0.017 0.002 -0.006 -0.015 0.003 0.008 -0.006 0.0221 0.0047 -0.012 0.0209
job1 
(Executive)
0.0032 -0.059 0.061 -0.002 -0.054 0.049 0.0463 -0.035 0.1248 -0.046 -0.144 0.044
Job 2 
(regular)
-0.012 -0.055 0.03 0.0603 0.0267 0.0985 -0.004 -0.065 0.0577 -0.044 -0.12 0.0268
Job 3(part 
time)
-0.011 -0.045 0.024 0.018 -0.01 0.0481 0.0037 -0.044 0.0543 -0.011 -0.067 0.0434
region N 0.0113 -0.037 0.06 -0.011 -0.047 0.0279 0.0098 -0.054 0.072 -0.009 -0.083 0.0606
region W 0.0836 0.048 0.116 0.0045 -0.026 0.0341 0.0027 -0.044 0.0472 -0.09 -0.149 -0.03
region S 0.0943 0.045 0.142 -0.053 -0.101 -0.003 0.1036 0.029 0.1761 -0.145 -0.243 -0.044
Married 
man
-0.055 -0.128 0.018 -0.106 -0.172 -0.041 0.0969 -0.03 0.2306 0.0602 -0.082 0.2093
Single man -0.067 -0.147 0.018 -0.079 -0.142 -0.011 0.1176 -0.013 0.2467 0.0273 -0.118 0.1747
Married 
woman
-0.069 -0.132 9E-04 -0.137 -0.192 -0.079 0.1161 -0.009 0.2373 0.0838 -0.044 0.2252
explanatory variable
Logit model (base: HVHP)
(Estimated coefficients)













The children variable shows that LVLP consumers tend to have more children than HVHP 
consumers. The results of the region variable show that HVHP consumers are mainly present 
in the eastern region of Japan. All results of the three models indicated that age and family 
size affected consumption type. In some respects, each of these models demonstrated 
different results. For example, for the RF model, age was the most important factor affecting 
the consumption behavior toward olive oil in Japan, followed by household income and family 
size. Meanwhile, in the DT model, family size was the most important demographic 
characteristic, followed by household income and age. Finally, in the multinomial logit model, 
age, children, job, region, and the cross variables of marriage and gender were the only 
significant variables. Region and family size were the only variables that affected all types of 
consumers. 
4.2. Methodological results 
The second part of our results demonstrates the comparison of the three models by 
comparing the error of each of these models. 
Figure 4-2 represents the error distribution of the multinomial logit (MNL), DT, and RF 
models. This figure shows that the DT model has the lowest average error, while the 
multinomial logit model had the highest one. The error rate was computed as follows: 
𝐸𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 = 1 − 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑟𝑎𝑡𝑒 
Based on this figure, the DT model is the most efficient model in classifying the consumers, 
though the RF model is not far behind. In fact, Table 4-4 shows that no significant difference 
exists between the error terms of the DT model and the RF model. As per Table 4-4, the only 
significant error is between the decision tree and the multinomial logit models. For the error 
terms in the four types of consumers, there was only a significant difference between the RF 
and the multinomial logit models for type 1 (LVLP).  
We note that the average error for type 1 and type 2 consumers is quite high; in fact, for 







Table 4-5: Error term by model and consumer type  
Logit model Decision tree model Random forest model
Total 66.2%[0.63; 0.69]* 63.04% [0.6;0.66] * 63.4% [0.6; 0.66]
Type 1 (LVLP) 99.92%[0.99; 1]** 97.04%[0.92; 1] 96.3% [0.93; 0.99]**
Type 2 (LVHP) 53.04% [0.47; 0.59] 46.89% [0.36; 0.58] 47.31%[0.4; 0.54]
Type 3 (HVLP) 47.01%[0.4; 0.53] 45.69%[0.33; 0.57] 47.02% [0.4; 0.54]
Type 4 (HVHP) 100% [1; 1] 99.25%[0.96; 1] 98.6% [0.96; 1]
Note 3) ** there is a significant difference at 2% significance level.
Note 1) The 95% confidence interval was shown in the bracket.
Note 2) * there is a significant difference at 10% significance level.
Source: Compiled by the author 
Figure 4-2: Error term distribution 





explained by the fact that the number of consumers that belong to type 1 and type 4 is quite 
small compared to the other types (2 and 3). 
5. Conclusion 
We used three models to study the characteristics of olive oil consumption and compared 
the prediction accuracy of the models. 
Regarding type 1 (LVLP) consumers, age, job, and region seem to determine this group. Type 
1 consumers are young with children and are mostly situated in western and southern Japan. 
Type 2 (LVHP) consumers are young with a bigger family size than HVHP and live in western 
Japan. Additionally, they have regular jobs and are mostly unmarried. 
Finally, regarding type 3 (HVLP) consumers, only family and region seem to affect them. This 
group of consumers are mostly living in southern and western Japan and have a big family 
size. Older consumers tend to purchase more than the younger consumers. A small family 
might have type 4 (HVHP) consumers. Household income may affect consumer behavior. The 
higher the income of a household, the higher is the probability that the household would have 
HVHP consumption. However, the relation between household income and consumption type 
is not linear. 
For the second part of our study, that is, the prediction accuracy of the models, a significant 
difference existed between the decision tree and the multinomial logit models. In terms of 
accuracy, the DT model had the highest accuracy, followed by the RF model, while the 
multinomial logit model had the lowest accuracy. Regarding the average error in each group 
of consumers, type 1 and type 4’s errors were extremely high, even reaching 1 in type 4. This 
may be because these two types are not common, since the number of consumers belonging 
to these two types is quite low compared to the other two types. However, it has yet to be 
proven, and additional research should be conducted to prove this point. 
On the one hand, the decision tree is the most suitable model for classification, since it has 
the highest accuracy. On the other hand, the multinomial logit model is the most appropriate 




There is still much to explore regarding Japanese olive oil consumers, and further research 
should be conducted in this domain. Concerning this study, only the socio-demographic 
characteristics of the consumers were used to explain the consumption behavior. By relying 
solely on these consumer characteristics, we were able to make predictions with an accuracy 
of almost 37%, which is 12% higher than if we classify consumers randomly without relying 
on anything. By including more variables in this model, we may be able to increase the 
accuracy even more. 
While the decision tree was considered the most suitable model in classifying the 
consumers in this case, this finding cannot be generalized; in fact, according to Breiman (2001), 
the RF model is like an upgrade of the decision tree model. 
Other models, such as the AIDS model, can also be used to analyze scanner data. We will 









Chapter 5 : Effects of the Health Consciousness 




























In this thesis, we first studied the oil market in Japan. We used scanner panel data along 
with attitudinal data gathered through a survey. Both datasets were used simultaneously to 
first assess the health consciousness effect on oil consumption and then on olive oil 
consumption in Japan. 
Though oil is not a part of the traditional Japanese diet, its consumption has considerably 
risen during the last few decades. In fact, there has been an increase in western eating habits 
in Japan. In the past few years, the Japanese market has seen a new trend of healthy oils, also 
known as superfood, such as coconut oil or flaxseed oil. Aside from these healthy oils, olive 
oil, though not a superfood but nonetheless healthy, has gained an incredible popularity 
among Japanese consumers. Indeed, the retail sales value of olive oil is only second to Canola 
oil in Japan. Since production of olive oil in Japan is low, the country mainly relies on imports.  
Additionally, we divided health consciousness into 3 categories: food, sports, and lifestyle. 
Food: This category expresses consumers’ attitudes towards food consumption. For 
instance, consumers would try to limit their sugar or salt intake, or they would avoid eating 
too much meat, etc. While this category directly relates to our topic of study (i.e., oil 
consumption,) it is not the only important factor in determining the health conscious of 
consumers, nor is it in direct correlation with oil consumption. 
Sports: This category shows consumers’ attitude towards physical activities. The more they 
practice sports on a regular basis, the higher their sense of health consciousness should be. 
Though a sport isn’t always practiced with the intention of staying healthy, it still remains one 
of the main reasons why one practices it. Whether they practice sports to lose weight or gain 
muscles, it is very beneficial for one’s health. 
Lifestyle: This category depicts how consumers try to have a healthy lifestyle by getting 
enough sleep or having regular health check-ups at the hospital. Additionally, they try to avoid 
stress to keep a healthy mind. 
Aside from health consciousness, the models also incorporated variables pertaining to the 
health status of consumers. To this end, diseases such as diabetes, cholesterol, high blood 





In our first study on health consciousness’ effect on oil purchase choice among Japanese 
consumers (chapter 3), we used the NBD-Dirichlet model which is composed of NBD and DMD. 
NBD was used to analyze the oil consumption as a whole and DMD was used to analyze the 
choice of type of oil to buy. Among the demographic characteristics, only age and household 
size were positively significant in the negative binomial model results. Regarding the variables 
pertaining to health consciousness, they had different effects on oil consumption. While 
sports negatively affected consumption, lifestyle and food had positive effect on oil 
consumption. Last but not the least, only cholesterol had a significant impact on choice to buy 
oil; indeed, consumers suffering from high levels of cholesterol have lower consumption of 
oil. 
As for the Dirichlet model results, it appears that all 3 variables pertaining to health 
consciousness have positively affected consumption of healthy oils (Olive oil, Coconuts oil, 
Linseed oil, Perilla oil) while negatively affecting Canola oil consumption which is considered 
unhealthy. For the health status variables, consumers with diabetes seem to reduce their 
consumption of all the types of oil, healthy and unhealthy, while consumers suffering from 
high blood pressure and high cholesterol levels increase their consumption of healthy oils and 
reduce that of unhealthy oils. It is important to note that in this study, only the frequency of 
purchase was taken into account. The volume and price of oils wasn’t considered since the 
NBD-Dirichlet model can only be used with count data. Although the volume of consumed oil 
increases with the number of bottles of oil bought, the increase is less than pro rata. 
In our second study (chapter 4), we analyzed olive oil consumption patterns by using 3 
different models: Multinomial Logit, Decision Tree, and Random Forest. First, the consumers 
were split in 4 categories depending on the quantity and price of the olive oil they consume. 
The results showed that age, family size, and region were important factors in describing the 
type of olive oil consumers. For instance, age negatively affected type 2 consumers. Family 
size however had a positive impact on type 1, 2, and 3 consumers. Regarding the prediction 
accuracy of the 3 models, decision tree and random forest had the highest accuracy while 
multinomial logit had the lowest accuracy. 
In the final study (Chapter 5), we studied the health consciousness effect on olive oil 
consumption by using a Hierarchical Bayesian model. The variables used in this chapter were 




study which showed that health conscious consumers would buy more healthy oils. Indeed, 
both sports and food positively affected olive oil consumption, signifying that consumers who 
follow a healthy diet and regularly practice sports have a higher consumption of olive oil. The 
health status variables showed that only diabetes had a significant effect on olive oil 
consumption with those suffering from diabetes buying less olive oil than the others.  
Health consciousness has played an important role in olive oil consumption in Japan. Unlike 
the Mediterranean region where olive oil is a traditional product, it is relatively new in Japan 
and even though it isn’t a part of the traditional Japanese diet, it has gained tremendous 
popularity. We believe that this was because of the health aspects of this product. In fact, 
based on the results of our study, health conscious consumers tend to consume more olive 
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